The purpose of this study was to examine the relationships between movement behaviours (sleep duration, sedentary time, physical activity) and health indicators in a representative sample of children and youth using compositional analyses. Cross-sectional findings are based on 4169 children and youth (aged 6-17 years) from cycles 1 to 3 of the Canadian Health Measures Survey. Sedentary time (SB), light-intensity physical activity (LPA), and moderate-to vigorous-intensity physical activity (MVPA) were accelerometer-derived. Sleep duration was subjectively measured. Body mass index z scores, waist circumference, blood pressure, behavioural strengths and difficulties, and aerobic fitness were measured in the full sample. Triglycerides, high-density lipoprotein-cholesterol, C-reactive protein, and insulin were measured in a fasting subsample. The composition of movement behaviours was entered into linear regression models via an isometric log ratio transformation and was found to be associated with all health indicators (p < 0.01). Relative to other movement behaviours, time spent in SB or LPA was positively associated (p < 0.04) and time spent in MVPA or sleep was negatively associated (p < 0.02) with obesity risk markers. Similarly, LPA was positively associated (p < 0.005) and sleep was negatively associated (p < 0.03) with unfavourable behavioural strengths and difficulties scores and systolic blood pressure. Relative to other movement behaviours, time spent in SB was negatively associated (p < 0.001) and time spent in MVPA (p < 0.001) was positively associated with aerobic fitness. Likewise, MVPA was also negatively associated with several cardiometabolic risk markers (p < 0.008). Compositional data analyses provide novel insights into collective health implications of 24-h movement behaviours and can facilitate interesting avenues for future investigations.
Introduction
From a movement perspective, time in a 24-h period is distributed among sleep, sedentary behaviour, and physical activity, and these behaviours range on a continuum from no/low movement to high movement. Traditionally, pediatric research has focused on the health implications of moderate-to vigorous-intensity physical activity (MVPA), the behaviour on the movement continuum that accounts for the smallest portion of the 24-h period even among those that are highly active (Chaput et al. 2014) . A wealth of evidence has shown that 60 min of daily MVPA provides important benefits for body composition, cardiovascular and metabolic health, musculoskeletal health, mental health, and academic achievement among children and youth (Janssen and LeBlanc 2010; Poitras et al. 2016; Strong et al. 2005) . A recent focus on the health implications of behaviours in the remaining waking hours of the day has resulted in an explosion of studies focusing on sedentary behaviour. Overall findings have been mixed, with screen-based sedentary behaviour, in particular television viewing, showing relatively consistent detrimental effects on health indicators but not total sedentary time among children and youth (Carson and Janssen 2011; Grydeland et al. 2012; Tremblay et al. 2011a; Veitch et al. 2012) . Evidence is also growing on the health implications of light-intensity physical activity in children (LPA; e.g., activities of 1.5-3.9 METs), with preliminary findings showing some benefits, in particular for lightintensity activities at the higher end of the spectrum (Carson et al. 2013) . When considering time outside of waking hours, short sleep duration has consistently been shown to be associated with obesity among children and youth, and evidence is growing for other health indicators Chen et al. 2008; Fatima et al. 2015) .
Until recently, research has examined relationships of movement behaviours, including sleep, sedentary behaviour, physical activity, with health indicators individually and in isolation of each other (Ferrar et al. 2013) , ignoring the intrinsic and empirical interactions between these behaviours (Foti et al. 2011) . In a review of sedentary behaviour studies, Pedisic (2014) found that most studies only partially adjusted for other behaviours on the movement continuum. Some studies still concluded that sedentary behaviour is an independent determinant of health (Pedisic 2014) , but findings are equivocal. The lack of consistency in results, especially in the pediatric population , may be due to methodological issues, including the inability of current regression models to correctly adjust for all behaviours on the movement continuum, including LPA and sleep. As time within a 24-h period is finite, time spent in different movement behaviours are intrinsically collinear and codependent (Chastin et al. 2015; Pedisic 2014) . Therefore, even if 2 movement behaviours are found to be uncorrelated using traditional statistics, Pearson warned in the case of such closed data, correlations are spurious and not to be trusted (Pearson 1896) . In other words, collinearity indices might return values that suggest noncollinearity while the collinearity exists by nature. Consequently, adjusting for all these behaviours in a traditional regression model that assumes independence between variables will tend to produce inconsistent findings (Pearson 1896) . These data analyses challenges prevent the understanding of the combined effects of sleep duration, sedentary behaviour, and physical activity on health, despite the increase in 24-h measurement procedures with devices such as accelerometers. Alternatively, compositional analyses allow for dealing directly with the fundamental nature of movement behaviour data, which are intrinsically compositional (Chastin et al. 2015; Pedisic 2014) .
Though compositional data analyses have been used in other disciplines for years (Aitchison 1982) , it has only recently been introduced for movement behaviour data (Chastin et al. 2015; Pedisic 2014) . A concise guide has been published by Chastin et al. (2015) , specifically focusing on sleep, sedentary behaviour, and physical activity research. Briefly, compositional analyses deal with data that is a proportion of a finite whole (e.g., 24 h) and can be used when all parts or just some parts of the finite whole have been measured (Chastin et al. 2015) . Compositional data analyses use the correct geometry (i.e., closed space versus open space) for bounded data and findings are interpreted as the effects of a behaviour as a proportion relative to the other behaviours instead of a behaviour being independent of another behaviour (Chastin et al. 2015) .
To date, compositional data analyses have been used to examine the health implications of sleep duration, sedentary time, and physical activity on the health of adults (Chastin et al. 2015) . No study to date using such methodology has focused on the pediatric population. Therefore, the purpose of this study was to examine the relationships between movement behaviours (sleep duration, sedentary time, and physical activity) and health indicators in a representative sample of Canadian children and youth using compositional analyses.
Materials and methods

Participants
Participants for this cross-sectional study were from cycles 1 (2007-2009), 2 (2009-2011), and 3 (2012-2013) of the Canadian Health Measures Survey (CHMS; Tremblay and Connor Gorber 2007) . All 3 survey cycles collected data from a nationally representative sample of 3 to 79-year olds (6-to 79-year olds in cycle 1) living in private households. Data collection for the 3 CHMS cycles consisted of a health interview administered in the participant's home and a physical health examination conducted at a mobile examination centre. Participants were randomly assigned to attend a fasting or nonfasting appointment at the mobile examination centre. The fasting appointment required participants to fast for at least 10 h (Statistics Canada 2015a). Participation was voluntary for all components of the CHMS. Ethics approval was obtained from Health Canada and the Public Health Agency of Canada Research Ethics Board (Day et al. 2007 ). The current study was conducted on a subsample of 6-to 17-year-old children and youth. For children aged 6-13 years, written informed consent was obtained from a parent or guardian, and written informed assent was obtained from the child. For youth aged 14-17 years, independent written informed consent was obtained. Detailed information about the CHMS is available elsewhere (Statistics Canada 2011 , 2013 , 2015a , 2015b . A total of 5217 CHMS participants aged 6-17 years were eligible for this study.
Movement behaviours
Sedentary time, LPA, and MVPA variables were measured using waist-worn Actical accelerometers (Philips Respironics, Ore., USA). Participants were given the accelerometer at the mobile examination centre and asked to wear it during waking hours for 7 consecutive days. Data were collected in 1-min epochs for 6-to 17-year olds. Nonwear time was defined as ≥60 consecutive minutes of zero counts, with allowance for 2 min of counts between zero and 100 (Colley et al. 2010) . To be included in the analyses, participants were required to have 4 or more valid days, with ≥10 h of wear time (Colley et al. 2010) . Sedentary time was defined as <100 counts per minute (cpm) (Wong et al. 2011) , LPA as 100-1499 cpm, and MVPA as ≥1500 cpm (Puyau et al. 2004) . Minutes per day of sedentary time, LPA, and MVPA were calculated.
Sleep was assessed as part of the in-home health interview. Participants (aged 12 to 17 years) or their parents/guardians (for those aged 6 to 11 years) were asked: "How many hours do you (your child) usually spend sleeping in a 24-hour period, excluding time spent resting." Responses were recorded to the nearest half hour. Minutes per night of sleep was calculated. Time spent in the 4 movement behaviours were summed and normalized to proportion of the total time, which summed to 1 (Chastin et al. 2015) .
Health indicators
Health indicators were chosen to capture obesity risk, a range of cardiometabolic risk factors, fitness, and social and emotional health, and were based on availability of measures in the CHMS. Body mass index (BMI) z scores, systolic and diastolic blood pressure, and behavioural strength and difficulties measures from the full eligible sample were used. Height and weight were measured by a trained health measures specialist using a ProScale M150 digital stadiometer (Accurate Technology Inc., Fletcher, N.C., USA) and a Mettler Toledo VLC with Panther Plus terminal scale (Mettler Toledo Canada, Mississauga, Ont., Canada) following the Canadian Physical Activity, Fitness and Lifestyle Approach (CPAFLA) 3rd edition protocols (Canadian Society for Exercise Physiology (CSEP) 2003). World Health Organization (WHO) growth standards were used to calculate age-and sex-specific z scores (de Onis et al. 2007 ). Systolic and diastolic blood pressures were measured by a trained health measures specialist using the BpTRU BPM-300 (BpTRU Medical Devices Ltd., Coquitlam, B.C., USA) following a new protocol developed by the CHMS (Bryan et al. 2010) , which was informed by a previous report (Campbell et al. 2005) . After 5 min of rest, 6 measurements were taken at 1-min intervals, and the last 5 measures were averaged.
The behavioural Strengths and Difficulties Questionnaire (Goodman 1997) was completed by a parent or guardian. Total behavioural strength and difficulties scores were calculated by adding responses from the emotional symptoms, conduct problems, hyperactivity/inattention, peer relationship problems, and pro-social behaviour subscales. A lower score represented a more favourable behavioural strengths and difficulties score. Not all parents or guardians of 12-to 17-year olds were available to complete the strengths and difficulties questionnaire for their child, resulting in missing data for a proportion of the sample.
High-density lipoprotein (HDL) cholesterol, triglycerides, insulin, and C-reactive protein (CRP) measures from the fasting subsample were used. HDL-cholesterol, triglycerides, and CRP were measured in serum in all 3 cycles. Insulin was also measured in serum in all 3 cycles; however, different methods and instruments were used to measure insulin in cycle 1 compared with cycle 2 and 3, so a correction equation was applied to the data from cycle 1 (Dion 2013) .
Waist circumference and aerobic fitness measures were only used from 2 out of the 3 cycles. Waist circumference was measured using the National Institute of Health (NIH) protocols in cycles 2 and 3 only (NIH 2000) , which involves measuring the circumference at the level of the iliac crest. However, in cycle 1 waist circumference was measured using the WHO protocol only, which involves measuring the circumference at the midpoint between the last palpable rib and the iliac crest (WHO 2008). Aerobic fitness was measured in cycles 1 and 2 only using the modified Canadian Aerobic Fitness Test based on the 1981 Canada Fitness Survey (CSEP 2003; Stephens and Craig 1985) . Only children 8 years and older were eligible for this test. See CHMS user guides for further details (Statistics Canada 2011 , 2013 , 2015a .
Covariates
Age, sex, and highest household education were considered as covariates. Highest household education was coded into 10 categories ranging from grade 8 or lower to university degree or certificate above bachelor's degree. For descriptive purposes, 4 categories of highest household education were created, including less than secondary school graduation, secondary school graduation, some post-secondary, and post-secondary graduation.
Statistical analyses
All statistical analyses were performed using SAS version 9.3 (SAS Institute, Cary, N.C., USA). Analyses followed the guide to compositional data analysis for physical activity, sedentary behaviour, and sleep research published by Chastin and colleagues (2015) . Standard descriptive statistics were calculated for participant characteristics. Compositional descriptive statistics were calculated including compositional geometric means and a variation matrix for movement behaviours. The compositional geometric mean is a measure of central tendency and was derived by calculating the geometric mean of the time spent in each movement behaviour after the behaviours had been normalized to proportion of the total time (Chastin et al. 2015) . The variance matrix is a measure of dispersion and was derived by calculating the variances of the logarithms of all possible pair-wise ratios (e.g., variance of ln(SB/MVPA)). Values closer to 1 indicated lower codependence and values closer to zero indicated higher codependence (Chastin et al. 2015) . Compositional geometric mean bar plots were also calculated to display the relative movement behaviour profiles for select health indicators, including BMI z score, waist circumference, aerobic fitness, and insulin. For each movement behaviour, a log contrast was calculated between the compositional geometric mean of the entire sample and the compositional geometric mean of the health indicator subgroup (e.g., ln(SB subgroup /SB totalsample )) (Chastin et al. 2015) . For BMI z score, subgroups included underweight, normal weight, overweight, and obese groups based on WHO growth standards (de Onis et al. 2007 ). For all other health indicators quartiles were used. Finally, 4 compositional linear regression models were conducted for each health indicator by sequentially rotating the sequence of the behaviours and then entering the composition of movement behaviours into the model via an isometric log ratio transformation. Models examined the combined effect of the relative distribution of all movement behaviours with each health indicator. Model p values indicated whether the composition of movement behaviours was significantly associated with the health indicator and model R 2 coefficient indicated what proportion of the variance was explained by the composition (Chastin et al. 2015) . Model p values and R 2 coefficients were the same across all 4 linear regression models. Next, models examined the association between the time spent in each movement behaviour and each health indicator relative to the time spent in the other movement behaviours. The first coefficient and its p value for each rotated model was used to determine if the individual movement behaviour was significantly positively or negatively associated with each health indicator relative to the time spent in the other movement behaviours (Chastin et al. 2015) . Finally, models examine the effect of displacing 10 min of time from 1 movement behaviour to the other (Chastin et al. 2015) . Change prediction matrixes were derived by first calculating the inverse of the log ratio transformation of the first model and then contrasting time spent in 1 movement behaviour compared with other movement behaviours (Chastin et al. 2015) . Effects were based on the average composition and were expressed as a percentage change in the health indicator around the sample mean. Waist circumference, systolic blood pressure, diastolic blood pressure, behavioural strengths and difficulties, triglycerides, CRP, and insulin required log-transformation to meet the assumption of normality of residuals in the regression models. All regression models were adjusted for age, sex, and highest household education.
Accelerometer survey weights for combined cycles were used in all analyses. To account for survey design effects, standard errors and coefficients of variation were estimated with the bootstrap technique (Rao et al. 1992; Rust and Rao, 1996) , using specific degrees of freedom outlined by the CHMS data user guide (Statistics Canada 2015a). Analyses that included participants from only 2 cycles (i.e., waist circumference and aerobic fitness) used 24 degrees of freedom and analyses that included participants from all 3 cycles used 35 degrees of freedom. Statistical significance was set at p < 0.05.
Results
Of the 5217 eligible participants for this study, 4169 and 1242 participants in the full sample and in the fasting subsample, respectively, had complete data for the variables of interest. Participant characteristics for the full and fasting subsample are presented in Table 1. In the full sample, the average age of the sample was 11 years, and approximately half (49%) the sample were female.
The geometric means for sedentary time, LPA, MVPA, and sleep are shown in Table 2 for the full sample, fasting subsample, waist circumference subsample (cycles 2 and 3), and aerobic fitness subsample (cycles 1 and 2). In the full sample, the geometric means equate to participants spending 40% of the 24-h period in sleep, 38% in sedentary time, 18% in LPA, and 4% in MVPA. The variability of the data are displayed in Table 3 in the variation matrix. The smallest pair-wise log ratio variances were for sleep and sedentary time and sleep and LPA followed by sedentary time and LPA indicating high codependence between these variables. The largest pair-wise log ratio variances were all observed for MVPA, indicating less codependence between MVPA and the other movement behaviours.
Compositional geometric mean bar plots comparing the compositional mean of the entire sample with the compositional mean of BMI z score, log waist circumference, aerobic fitness, and log insulin subgroups for all movement behaviours are shown in Figs. 1-4 . For BMI z score, the proportion of time spent sedentary was slightly higher and the proportion of time spent in MVPA was lower in the underweight and obese groups relative to the entire sample. Participants in the lowest log waist circumference quartile (Q1) spent less time sedentary and more time in LPA, MVPA, and sleep relative to the entire sample. The opposite was observed in the highest log waist circumference quartile (Q4). A similar pattern was observed for quartiles of log insulin. Participants in the lowest aerobic fitness quartile (Q1) spent more time sedentary and less time in LPA, MVPA, and sleep relative to the sample average. The opposite was observed for sedentary time, LPA, and MVPA in the highest aerobic fitness quartile (Q4).
The combined effect of the movement behaviours on each health indicator is reported in Table 4 . As indicated by the model p value, the composition of movement behaviours as a whole was significantly associated with all health indicators. As indicated by the model R 2 , the portion of variance in health indicators explained by the composition of movement behaviours ranged from 1% to 44%. Greater than 10% of the variance was explained for 3 health indicators, including log waist circumference (44%), aerobic fitness (38%), and log insulin (12%).
The association between each movement behaviour and each health indicator relative to the other movement behaviours is also displayed in Table 4 . Time spent in sedentary time relative to other movement behaviours was positively associated with BMI z score (␥ SB = 0.58; p = 0.011) and log waist circumference (␥ SB = 0.09; p < 0.001), and negatively associated with aerobic fitness (␥ SB = -32.80; p < 0.001). Time spent in LPA relative to other movement behaviours was positively associated with BMI z score (␥ LPA = 0.66; p < 0.001), log waist circumference (␥ LPA = 0.05; p = 0.039), log systolic blood pressure (␥ LPA = 0.03; p = 0.004), and log behavioural strengths and difficulties (␥ LPA = 0.40; p = 0.001). Time spent in MVPA relative to other movement behaviours was negatively associated with BMI z score (␥ MVPA = -0.32; p < 0.001), log waist circumference (␥ MVPA = -0.03; p = 0.012), log systolic blood pressure (␥ MVPA = -0.02; p < 0.001), log diastolic blood pressure (␥ MVPA = -0.02; p = 0.007), log triglycerides (␥ MVPA = -0.16; p = 0.002), log CRP (␥ MVPA = -0.49; p < 0.001), and log insulin (␥ MVPA = -0.20; p = 0.002), and was positively associated with aerobic fitness (␥ MVPA = 21.95; p < 0.001). Time spent in sleep relative to other movement behaviours was negatively associated with BMI z score (␥ sleep = -0.93; p = 0.002), log waist circumference (␥ sleep = -0.11; p = 0.001), log systolic blood pressure (␥ sleep = -0.04; p = 0.027), and log behavioural strengths and difficulties (␥ sleep = -0.48; p = 0.001).
Change matrices of the effect of reallocating 10 min of time from one behaviour to another behaviour in the full sample are displayed in Table 5 . The biggest effects seen across health indicators was observed when taking 10 min of MVPA and putting it into other behaviours, in particular into sedentary time. For example, taking 10 min away from MVPA and putting it into sedentary time, LPA, and sleep resulted in a 5.1%, 1.2%, and 1.1% increase in BMI z score, respectively; however, the effects were not symmetrical. For instance, taking 10 min away from sedentary time, LPA, and sleep and putting it into MVPA resulted in a less than 1% decrease in BMI z score.
Discussion
Compositional analyses provide an appropriate means statistically for understanding the collective health implications of finite, 24-h movement behaviours. To our knowledge, this is the first study to use compositional analyses to examine these relationships in children and youth. Collectively, the findings of this integrated approach indicate that the composition of sleep, sedentary time, LPA, and MVPA within a 24-h period is important for optimal physical, social, and emotional health among children and youth. Based on statistical modeling, replacing MVPA with any other movement behaviour had the biggest negative effect on health.
Although this was the first study to use compositional analyses to examine the relationships between movement behaviours and health indicators in children and youth, the analyses modelled a previous study in a nationally representative sample of adults from the United States (Chastin et al. 2015) . Similar with the present study, the composition of movement behaviours was significantly associated with a number of cardio-metabolic health indicators in adults (Chastin et al. 2015) . Additionally, when focus-ing on obesity markers, MVPA and sleep duration, relative to other movement behaviours, also tended to be negatively associated with obesity markers and sedentary time and LPA, relative to other movement behaviours, also tended to be positively associated with obesity markers (Chastin et al. 2015) . For American adults the positive coefficients were stronger for sedentary time compared with LPA. This was also the case for waist circumference but not BMI z score in the present study. This suggests that once adequate sleep and MVPA durations are met in a given day, spending more time in LPA compared with sedentary time may be less detrimental to health. In regards to the change matrices, asymmetric relationships were also observed in the adult sample (Chastin et al. 2015) . More, specifically, taking time away from MVPA and replacing it with another movement behaviour also had the biggest effect on cardio-metabolic health indicators in adults (Chastin et al. 2015) . As described by Chastin and colleagues (2015), 1 potential reason for this finding is taking 10 min of MVPA, which accounts for a small portion of the 24-h period, is a much larger change than taking 10 min away from sedentary time, which accounts for a large portion of the 24-h period. Additionally, as per the exercise physiology principles of reversibility and overload, significant decreases in metabolic and exercise capacity occur rapidly with physical inactivity; whereas, overloading the system with increased physical activity results in slower progressive gains (CSEP 2003) . These findings suggest that maintaining MVPA levels as children age and transition into adolescents, where MVPA tends to decline Dumith et al. 2011; Troiano et al. 2008) , may be an important strategy for optimizing health. Furthermore, maintaining MVPA levels throughout the year during different seasons may also positively influence health. This is especially relevant in Canada and other countries or regions with similar climates where MVPA tends to be lower in the winter months (Carson and Spence 2010; Hjorth et al. 2013) . Future longitudinal and intervention studies are needed to confirm these findings.
Interestingly, the similar findings observed for the present study in children and youth and the Chastin et al. (2015) study in adults when using a compositional paradigm do not mirror the scientific literature where movement behaviours have been studied in isolation. More specifically, positive relationships have consistently been observed between objectively measured total sedentary behaviour and cardio-metabolic risk among adults, in particular for type 2 diabetes markers (Brocklebank et al. 2015) . In contrast, primarily null associations have been observed between objectively measured total sedentary behaviour and cardio-metabolic health in children and youth . Though methodological issues have been identified, this trend has resulted in a debate in the scientific community as to whether sedentary behaviour should be targeted in children and youth for health promotion (Chinapaw et al. 2015) . However, when using compositional analyses, the present study found that the proportion of time spent sedentary was in fact positively associated with obesity markers and negatively associated with fitness, relative to the proportion of time spent in other movement behaviours. This finding emphasizes the importance of taking an integrated versus segregated approach when examining the health implications of movement behaviours. Future research in other samples of children and youth is needed to confirm these findings. Additionally, future research should examine whether health effects differ if sedentary behaviour is further divided into screen time and nonscreen time, given the large body of evidence on the negative health effects of screen time in the pediatric population Tremblay et al. 2011b) . Also, given the well-known misclassification of some sedentary time and LPA postures (e.g., sitting still vs. standing) when using an accelerometer, subdividing LPA into low-LPA and high-LPA (Carson et al. 2013; Howard et al. 2015) or using devices, such as inclinometers, that better classify postures (Ridgers et al. 2012 ) may shed additional insight on the collective health implications of movement behaviours, including the role of LPA relative to other movement behaviours in the pediatric population.
Unlike sedentary behaviour, findings of the present study do not dispute the abundance of evidence on the importance of regular MVPA (Janssen and LeBlanc 2010; Poitras et al. 2016) and adequate sleep in children and youth Chen et al. 2008; Fatima et al. 2015) . However, the current findings also indicate that it may be misguided to continue to consider these behaviours in isolation of each other. Combining compositional analyses with increasing 24-h objective monitoring study procedures in observational studies can help support this paradigm shift. In terms of interventions, targeting a single movement behaviour, such as MVPA, is likely still advantageous; however, taking into account how other movement behaviours change when targeted movement behaviours increase or decrease may help to further guide interventions and improve intervention effects. Additional observational and experimental research that determine the most favorable composition for optimal health can help inform movement behaviour guidelines that go beyond the traditional MVPA or exercise recommendations for improving population health.
Strengths of this study include the novel analytical approach to deal with 24-h data, the large representative sample of children and youth, the range of included health indicators, and the objective measures of physical activity and sedentary time. However, objective measures of sleep were not available. Additionally, accelerometers may not be sensitive to distinguish between some sedentary time and LPA postures (Ridgers et al. 2012) , and this misclassification may have impacted study findings. Also, with the focus of the analyses on duration of movement behaviours, other important aspects of sleep, such as sleep quality, were not included in the analyses. Moreover, diet was not adjusted for in the regression analyses. Further, all CHMS cycles include crosssectional data; therefore, causal inferences cannot be made regarding study findings. Finally, given this study was the first to use compositional analyses to examine health outcomes of movement behaviours in the pediatric population, we were interested in identifying relationships for the whole population. Future work using the compositional analyses paradigm is needed to ascertain whether associations differ between subgroups (e.g., males vs. females or children vs. youth). 
Conclusion
Compositional data analyses provide novel insights into collective health implications of 24-h movement behaviours and facilitate interesting opportunities for innovation in the years to come. Our findings continue to support the importance of MVPA for optimal health in children and youth, especially to maintain it. However, our findings also support the importance of the time spent in other movement behaviours outside of MVPA for health benefits. Consequently, future guidelines and subsequent messaging aimed at optimizing health in pediatric populations should consider an integrated movement behaviour approach. Note: Effects are based on the average composition and are expressed as percent change in the health indicator around the sample mean (BMI z score =0.5 SD, log waist circumference = 4.2 cm, log systolic blood pressure = 4.6 mm Hg, log diastolic blood pressure = 4.1 mm Hg, log strength and difficulties = 1.7, log triglycerides = -0.2 mmol/L, HDL-cholesterol = 1.4 mmol/L, log CRP = -0.6 mg/dL, log insulin = 4.1 mmol/L, aerobic fitness score = 502.3). CRP, C-reactive protein; HDL, high-density lipoprotein; LPA, light-intensity physical activity; MVPA, moderate-to vigorousintensity physical activity; SB, sedentary time. For personal use only.
